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Introduction {#sec001}
============

In China, the unbalanced development of the economy among provinces leads to a large wage gap in different regions. Generally, the developed largest megacities have a higher income level, which attracts more floating populations to these cities. Moreover, with the extensive construction of the traffic infrastructure in China, especially the high-speed railway, the act of migration is boomed by a strong internal motivation and increased convenience of the larger distance-scale "flowing": that is, continuous movement back and forth between rural and urban areas and among different cities, and finally settling down in the original place of household registration. In 2015, about 247 million Chinese flowed, which accounted for 18% of the total population. In other words, there was one migrant in six persons. Meanwhile, about 48.8% of these migrants were less than 33 years old in 2013, while the proportion of the young migrants had increased to 51.1% in 2015 according to the 2016 Floating Population Report of China. It is suggested by statistical analysis that the migrants preferred to go to the developed largest megacities because they had more job opportunities and higher salaries, such as Beijing, Shanghai or Shenzhen. As more and more people flowed into the largest megacities, the "largest megacity disease", which refers to varieties of drawbacks such as environmental pollution, traffic congestion and resource constraints caused by the excessive concentration of the urban population, industries, and transport and is defined in the China Green Development Index Report 2012: Regional Comparison, is becoming increasingly serious. Consequently, the government of the largest megacities raised the threshold to settle down and made some policies to remove the floating population (that is, the group who flowed from their original place of household registration to various places for a certain amount of time, while the household registration in their original place couldn't transfer into the new residence city together with them as a result of the particular household registration policy in China.) (e.g. Beijing). In sharp contrast, some other cities always made some policies to attract the floating population, but the policy effects were not significant. The problem of orderly migration of the population has attracted more attention from the government. Meanwhile, the floating population is more carefully considering the choice of the new destination. Under these circumstances, the migration of China had become a unique and complicated economic phenomenon. The questions that have naturally arisen are why the population decided to flow, how to measure the migration effect, and whether or not the effect is significant, which also are the focuses of this paper. The studies about the migration in the last decades can be divided into two broad areas: one is mainly about the descriptive and statistical analysis, and the other is about the theoretical and empirical research.

The descriptive and statistical analysis mainly focuses on the determinants of migration and the willingness of the floating population to stay in the destinations. In previous studies, Barkley(1990) \[[@pone.0202030.ref001]\], Greenwood (1997) \[[@pone.0202030.ref002]\], Chiswick(1999) \[[@pone.0202030.ref003]\], Shen(2012) \[[@pone.0202030.ref004]\], Li, et al.(2002) \[[@pone.0202030.ref005]\], Chen, et al.(2002) \[[@pone.0202030.ref006]\], Polachek, et al.(1977) \[[@pone.0202030.ref007]\], Plane(1993) \[[@pone.0202030.ref008]\] and Zaiceva, et al.(2008) \[[@pone.0202030.ref009]\] found that the differences in wages, job opportunities, costs of living and public goods between the destination and original place are important determinants of a move. These studies also found that the migration propensity always changed over a person's lifetime even if the personal variables remained the same, such as gender, marital status, education, etc. Ham, et al.(2005) \[[@pone.0202030.ref010]\] thought that the inter-regional difference in returns for the same skill plays an important role in the migration decision in the Federal Reserve Bank of New York Staff Reports. Harris, et al.(1970) \[[@pone.0202030.ref011]\] found that migration responds largely to regional disparities in prosperity. For the influencing factors on willingness to stay in the cities, Wang, et al.(2012) \[[@pone.0202030.ref012]\], Gao, et al.(2011) \[[@pone.0202030.ref013]\], Luo(2012) \[[@pone.0202030.ref014]\], Su, et al.(2005) \[[@pone.0202030.ref015]\], Wei(2013) \[[@pone.0202030.ref016]\] and Meng, et al.(2011) \[[@pone.0202030.ref017]\] all showed that the main factors were age, marital status, residential time in urban area, income level and public goods and services. The determinants of migration and the influencing factors on the willingness of the floating population to stay in the destinations are fundamental and crucial roles in the process of estimating the migration effect in our study.

In the empirical studies, there are some different perspectives to estimate the migration effect. Rozelle, et al.(1999) \[[@pone.0202030.ref018]\] estimated the migration effect on the agriculture productivity using the investigation data of farm households in Hebei and Liaoning provinces, which showed that the direct effect of migration was significant and negative on agricultural yields at least in the short run. Altonji, et al.(1991) \[[@pone.0202030.ref019]\] and Fields(1975) \[[@pone.0202030.ref020]\] studied the migration effect on the labor market of less-skilled and uneducated natives respectively, which found a negative effect on the job opportunities. Furthermore, the empirical study of Borjas(1985) \[[@pone.0202030.ref021]\] showed that it also had a negative effect on the earnings of the native-born in low skill occupations, but the increased labor supply due to migration was offset by higher demand for labor, so it presented a positive effect on native earnings overall. In a series of studies about the effect on natives' earnings, Withers(1986) \[[@pone.0202030.ref022]\], Pope, et al.(1993) \[[@pone.0202030.ref023]\], Addison, et al.(2002) \[[@pone.0202030.ref024]\], Butcher, et al.(1991) \[[@pone.0202030.ref025]\], Greenwood, et al.(1986) \[[@pone.0202030.ref026]\] and Borjas(1993) \[[@pone.0202030.ref027]\] all found that migration had a limited effect or no negative effect on natives' earnings.

From the perspective of migrants themselves, most of the migration theoretical models usually treat migration as an investment in human capital. In fact, the decision to change regions alters the rate of return to human capital investment in substance, so a lot of empirical research estimates the change degree in wage and earning before and after migration. Most migration models clearly predict a higher wage for those who flow into the new destinations, but the literature actually has not reached a consensus on the wage change. In studies on this topic, negative, zero, and positive results were all reported. Shaw(1991) \[[@pone.0202030.ref028]\] predicted that the wage changes were positive from the three perspectives of change region, change industry, and change region and industry simultaneously. The positive growth in wage also was predicted by Bartel(1979) \[[@pone.0202030.ref029]\], Hunt, et al.(1985) \[[@pone.0202030.ref030]\], Gabriel, et al.(1995) \[[@pone.0202030.ref031]\] and Yankow(2003) \[[@pone.0202030.ref032]\] from different perspectives of migration. The negative effect on wage was found by Tunali(2000) \[[@pone.0202030.ref033]\] for a substantial portion of migrants, while only a small minority got a higher wage than before which made migration essentially a lottery. Some studies found that the wage change was statistically insignificant for some types of migrants, such as Bartel(1979) \[[@pone.0202030.ref029]\] for older migrants, Hunt, et al.(1985) \[[@pone.0202030.ref030]\] for one-time migrants because of high information cost, and Yankow(2003) \[[@pone.0202030.ref032]\] for migrants with Master and Doctor degrees.

Most of the empirical studies on the wage changes before and after migration are about migrants of the USA, which include the internal and international migration. However, the migration effect on wage is relatively rare worldwide. A major problem, like what Stark, et al.(1985) \[[@pone.0202030.ref034]\] said, was the absence of variables in the dataset, because this kind of study needs the survey dataset to provide information on individual wages at their residential location and original region, their migrant or non-migrant status, individual characteristics (for example, age, education, and marital status) and so on. Additionally, it needs a large sample size to get accurate results. So far, there are not many empirical studies about the migration effect of floating populations on wage changes before and after migration, especially for the unique phenomenon of floating populations of China. However, the direct effect of migration that is caused by the big wage gap among the regions is the wage change after the migrants moved. Hence, this paper will use the scientific statistical method and representative dataset to do an analysis about the migration effect of floating populations of China from the perspective of wage change on the two following aspects: 1. Estimate the migration effect of the overall and different flowing scales for floating populations. The different flowing scales include the four migration patterns: flowing into the three largest megacities: Beijing, Shanghai, and Shenzhen, which are the representational cities of the three developed economic circles of China: Beijing-Tianjin-Hebei Metropolitan Region, the Yangtze River Delta, and the Pearl River Delta respectively, inter-provincial migration (not including the floating population who come from other provinces flow into the three largest megacities), inter-city migration within a province, and inter-district migration within a city. 2. Contrast and analyze the migration effects of the four migration patterns, and discuss methods to improve the effect of the removing and attraction policies for floating populations.

The paper is organized as follows: review the relative theories of migration and introduce the analysis method of the paper; introduce the econometric model and estimate the migration effect of the overall and different flowing scales for floating population respectively using the OLS and PSM; and conclude the paper.

Related theories and analytical methods {#sec002}
=======================================

The dualistic economic structure theory and Pareto improvement theory of migration {#sec003}
----------------------------------------------------------------------------------

The economist Lewis(1954) \[[@pone.0202030.ref035]\] proposed the dualistic economic structure theory, which is that there are two sectors in the closed economy: one is the urban sector with industry and services, and the other is the agricultural sector which is dominated by the agriculture and handicraft industries. Additionally, under the assumption of an unlimited supply of labor, since wages of the urban sector are higher than that of the agricultural sector, if farmers who work in agriculture are not constrained, they will move into cities to find jobs. Differences in return to labor play an important role in the migration decision. In the realistic economy of China, there is the same situation as described above: labor from agriculture flows into the cities for higher income. At the same time, there is also a situation that urban labor flows among different cities to find jobs that meet their requirements. It shows that the surplus labor force exists not only in the agricultural sector but also in the urban sector. Specifically, the surplus labor force that exists in the agricultural sector and the urban sector and flows into the new destinations is the floating population who will be studied in this paper. The unbalanced development of the economy and the sharp difference of wage among regions contribute to the migration phenomenon of the surplus labor force in China.

The phenomenon of population migration is very beneficial to the individuals, the families, the enterprises, and the economic development of society as a whole. From the view of individuals, the floating population can easily find jobs that meet their requirements and reach their expectations by expanding the scale of employment. From the angle of enterprises, they can easily employ the workers that meet the requirements of the job, and it is also possible to reduce the labor cost of the enterprise. In terms of the overall economy of China, the floating population can significantly increase national productivity and improve labor efficiency. Overall, population migration essentially is a reallocation of human resources, which is a Pareto improvement for each side. As the elderly population increases in China and many developed countries, migration becomes very important for the redistribution of the labor force and is necessary for economic development.

The ordinary least squares (OLS) regression and the propensity score matching (PSM) method {#sec004}
------------------------------------------------------------------------------------------

In this study, the analysis of the migration effect will focus on calculating or estimating the wage change after migration. There are two methods used to estimate it: one is the ordinary least squares (OLS) regression, and the other is the propensity score matching (PSM) method.

### The ordinary least squares (OLS) regression {#sec005}

The OLS is a common method for estimating the relationship between a dependent variable and a set of independent variables by a linear function. In order to get the optimal linear unbiased estimators, it needs to meet several requirements, including that the regressors are exogenous and the errors are homoscedastic and serially uncorrelated.

For the linear model of OLS in this study, the dependent variable is the log of the average monthly wage of every surveyed sample. Migration or non-migration as a dummy variable is put into the regression function. A series of control variables are added to ensure that the model is reliable. The migration effect in wage is reported by the regression coefficient of the dummy variable. The OLS method in this problem can only roughly estimate the relationship between the status of migration or non-migration and wage. In fact, it is difficult to explore the direct effect between them, because the dummy variable migration or non-migration is a choice variable and is not randomly assigned for all population. The decision of migration or non-migration is related to the control variables of a migrant. In other words, the choice will be influenced by the other independent variables and will not be random, so the selection bias will appear in the regression results of OLS, biasing the migration effect. Nakosteen, et al.(1980, 1982) \[[@pone.0202030.ref036], [@pone.0202030.ref037]\] were the first to offer evidence for self-selection of migration. Gabriel, et al.(1995) \[[@pone.0202030.ref031]\] and Robinson, et al.(1982) \[[@pone.0202030.ref038]\] also found self-selection of migration in their studies.

### The propensity score matching (PSM) method {#sec006}

Selection bias is a critical problem in the study of migration effect. In order to make the migration effect as accurate as possible, it is necessary to examine whether migration is a random decision or not. Rosenbaum, et al.(1983) \[[@pone.0202030.ref039]\] addressed this problem using the propensity score matching (PSM) method. The PSM concentrates on the randomness of a migration decision and aims to estimate an unconditional migration effect. Meanwhile, it transfers the multi-dimensional control variables problem, which is the impracticality of matching so many variables in the empirical analysis, into a one-dimensional problem using the new concept of propensity values (also called propensity scores) of the control variables. In the process of matching, the propensity scores, which are the migration probabilities conditional on X, are estimated by the Logistic or Probit regression model, where, $$\begin{array}{r}
{P\left( X \right) = Pr\left( M = 1 \middle| X \right).} \\
\end{array}$$

The PSM focuses on the propensity values rather than the specific values of control variables. It is a new way to concentrate on the control variables and determine the causal relationship only when the control variables meet specific requirements. This is considered a matching of control variables. In the matching process of the control variables, we obtain the causal relationship accurately between the dependent variable and the explanatory variable. In the PSM method, both the explanatory variable and the control variables are taken into account \[[@pone.0202030.ref039]\]. In other words, regardless of the number of control variables, we obtain a relatively accurately causal relationship using the PSM. Therefore, from the point of view of matching, the PSM is an effective method to get an accurate causal relationship between the dependent variable and the explanatory variable in the situation of multiple control variables. Most importantly, the PSM is given more attention and constantly improved, so it gets causal inference through more rigorous statistical techniques \[[@pone.0202030.ref040]--[@pone.0202030.ref042]\]. In order to avoid the problem of selection bias and obtain accurate results, this study will attempt to estimate the migration effect of the floating population in wage using the PSM method.

From the statistical point of view, the PSM introduces the counterfactual theories of causation. We can explain the counterfactual process using the specific example of the migration effect of floating populations. The observable fact is that someone flows to a new destination and gets a higher salary. The counterfactual situation refers to the impossible scenario that the same migrant simultaneously works in his original job location, receiving a lower salary. Hence, this counterfactual situation could not be observed. The causal relationship between wage and status of migration or non-migration refers to the average value of the wage differences between new and old locations for the same group in a statistical sense. In other words, the causal relationship in statistics is the average difference between the facts that could be observed and the counterfactual situation that could not be observed. In the following equation, the variable wage denotes the wages of the population, where wage~1~ is the wage of flowing, and wage~0~ is the wage of non-flowing. M is the dummy variable, where M = 1 denotes migration, and M = 0 denotes non-migration. X denotes the vector of control variables, such as gender, education, etc. The unbiased estimation calculated by the PSM is E(wage~1~\|X, M = 1)---E(wage~0~\|X, M = 1), which is the Average Treatment effects on the Treated (ATT), so the ATT = E(wage~1~\|X, M = 1)---E(wage~0~\|X, M = 1) shows the average wage difference between the migrants and the same group if they don't flow. The ATT denotes the direct effect of the causal relationship.

As mentioned above, the migration effect estimated by the OLS method is biased, because the estimated result of the OLS is E(wage~1~\|X, M = 1)---E(wage~0~\|X, M = 0), so the selection bias is \[E(wage~1~\|X, M = 1)---E(wage~0~\|X, M = 0)\]---\[E(wage~1~\|X, M = 1)---E(wage~0~\|X, M = 1)\] = E(wage~0~\|X, M = 1)---E(wage~0~\|X, M = 0), which is calculated from the results of OLS and PSM. As can be seen from the formula, the selection bias refers to the difference between the wages of the population that work in the new cities if they were to still work in the original place and the wages of the population that actually work in the original place. The selection bias makes the result of the OLS regression biased.

In the formula above, E(wage~1~\|X, M = 1) and E(wage~0~\|X, M = 0) that could be observed are the facts, and E(wage~0~\|X, M = 1) that could not be observed is the counterfactual situation. In real life, we could observe the migration or non-migration for the same group, but it is impossible to observe the migration and non-migration for the same group simultaneously. Therefore, the PSM creates a new way to estimate the counterfactual situation.

In general, the steps using the PSM to estimate the causal relationship \[[@pone.0202030.ref043], [@pone.0202030.ref044]\] are below: (1) Predicting the propensity scores: using the Logit or Probit model to calculate the migration probability: P(M = 1\|X); (2) Matching based on the propensity scores: matching samples by the methods of the nearest neighbor matching, radius matching, kernel matching, etc; (3) Estimating the coefficient of the explanatory variable based on the matching samples: getting the wage difference one by one between a migrant and a non-migrant who have the same propensity scores, and calculating the average value of the differences, which is the ATT denoting the migration effect in wage; (4) Balancing test: after getting the ATT using the PSM, it is necessary to do the balancing test for the control variables in order to ensure the high quality of matching and the accuracy of estimation.

Modeling and results {#sec007}
====================

The result of data statistics {#sec008}
-----------------------------

The primary data source in this empirical research is the Migrants Population Dynamic Monitoring Survey Data of the National Health and Family Planning Commission of China (NHFPCC) in 2015. The survey samples include 206,000 migrants and 16,000 non-migrants of 332 cities in China.

This dataset comes from the official survey with good national representation ideally suited for studying migration using the PSM. It is characterized by the scientific sampling method and a large sample size, so the empirical analysis using the dataset can better reflect the relevant problems of the national floating population and non-floating population. Additionally, the dataset of the NHFPCC in 2015 provides a relatively rich array of variables which includes every sample's age, gender, education, original region, destination, and so on. Thus, it is possible to match the characteristic variables of the samples, estimate the migration effects of different flowing scales, and further compare the migration effects of different flowing scales.

In this study, we make some selection criteria for the data of the floating population and non-floating population in order to make the samples suitable for this research. First, the age of the samples is limited from 18 to 65 years old to ensure that the wages come from their jobs rather than from retirement funds. Second, in order to avoid the estimation bias that is caused by investigation data, we deleted the samples in which the wages are less than 1000RMB. The national minimum wage in China was more than 1000RMB/month in 2015, so the wages that are less than 1000RMB likely contain statistical errors. Finally, the number of effective samples is about 180,200, which includes a floating population of 171,400 and a non-floating population of 8,800.

In this paper, the PSM is used to estimate the migration effect by matching the control variables of the floating population and non-floating population. However, there is a large difference in the sample size for the two groups, which will result in an insufficient data utilization rate and matching difficulty in the matching process. Thus, we extracted samples from the floating population at 3.5 times the number of non-floating population samples randomly. Moreover, the extracted samples also meet the balanced distribution of the original place of the floating population. Finally, 30,365 samples of the floating population were extracted. We need to notice that, in order to meet the balanced distribution of the original place, we extracted the samples from each province, but the sample number of the floating population in some provinces is less than 3.5 times the number of non-floating population, so the total extracted samples of floating population are less than the 3.5 times the total number of non-floating population. We performed the study using the extracted samples of the floating population and the 8,800 samples of the non-floating population.

The basic characteristics (descriptive statistics) of the 39,165 samples are listed in [Table 1](#pone.0202030.t001){ref-type="table"}. The third and fourth columns provide the proportion of each category for each variable of the floating population and non-floating population respectively.

10.1371/journal.pone.0202030.t001

###### The basic characteristics of the samples.

![](pone.0202030.t001){#pone.0202030.t001g}

  Variable                                               Indicators             Floating population   Non-floating population
  ------------------------------------------------------ ---------------------- --------------------- -------------------------
  *Gender*                                               Male                   58.42%                54.53%
  Female                                                 41.58%                 45.47%                
  *Education*                                            Never went to school   1.43%                 0%
  Primary school                                         12.44%                 2.30%                 
  Junior high school                                     51.04%                 19.02%                
  High school/Secondary school                           22.07%                 25.74%                
  Specialist                                             8.33%                  23.31%                
  Undergraduate and graduate                             4.69%                  29.63%                
  *Marital status*                                       Unmarried              19.36%                19.80%
  First marriage                                         76.90%                 74.59%                
  Remarriage                                             1.38%                  1.79%                 
  Divorce and widowhood                                  2.36%                  3.82%                 
  *Household registration type*: *countryside or city*   Countryside            84.15%                4.56%
  City                                                   15.85%                 95.44%                
  *Income* (*Unit*: *RMB*)                               Less than 2000         18.19%                19.44%
  2000-4000                                              52.02%                 45.72%                
  4000-6000                                              19.27%                 20.38%                
  6000-8000                                              5.19%                  6.18%                 
  8000-10000                                             2.91%                  4.91%                 
  10000-50000                                            2.36%                  3.37%                 
  More than 50000                                        0.06%                  0%                    

It can be seen from the last two columns of [Table 1](#pone.0202030.t001){ref-type="table"} that there is a little difference in the proportions of gender, marital status and income between the floating population and the non-floating population. However, the proportions of education and household registration type are quite different. The specific description and explanations are as follows:

-   Gender and marital status: For these two variables, the proportions of each category are not significantly different between the floating population and the non-floating population. Specifically, the proportions of gender are relatively balanced in each group, while the marriage rate, including first marriage and remarriage, is close to 80% respectively in both the floating population and non-floating population.

-   Education: For the floating population, a majority of people have only a primary, junior high, and senior high school level of education. These people are generally more hard-working, and most of them have specialized professional skills, which make them able to find jobs more easily in the new cities and earn relatively higher wages than those of their original places. On the other hand, a majority of the non-floating population has an undergraduate or graduate education because a higher education enables them to more easily find a stable job in their original places. Thus, this population is less willing to flow.

-   Household registration type: In the floating population, a substantial portion, nearly 85%, came from the countryside. This rural population aspires to work in non-agricultural sectors, but these opportunities in rural areas are very scarce. Accordingly, these people seek jobs elsewhere. In the non-floating population, the proportion of the urban residents is relatively large, which indicates that there are relatively more employment opportunities in the cities.

    By considering both the statistical results of household registration type and marital status for the floating population, we infer that many couples from the countryside work in the cities together. While this inevitably leads to children and older people who are left behind, these couples consider the sacrifice worth it in order to obtain a higher income and improve the quality of life for their loved ones.

    In terms of relating the education level and the household registration type of the floating population, we know that about half only has a junior high school level of education, while most of the floating population comes from the countryside. This observation indicates that the floating population coming from rural settings is a major source of manual labor in the cities and that this kind of manual labor can more easily to find a job and earn high wages in the cities.

-   Income: As can be seen from [Table 1](#pone.0202030.t001){ref-type="table"}, the percentage of the population for every interval of wage is not significantly different between the floating population and the non-floating population. However, it cannot be concluded that the migration effect is insignificant because the heterogeneity among the people is not considered. Thus, it is critical to pay attention to the heterogeneity of population in research of the migration effect.

[Table 1](#pone.0202030.t001){ref-type="table"} presents the statistical results of the floating population and non-floating population samples. From the analysis above, we found that it was necessary to estimate the migration effect on wage change before and after migration, which essentially reflects the degree of improving quality of life for the floating population. Meanwhile, in the process of estimating the migration effect, there is maybe a serious selection bias that must be addressed in order to correctly obtain the degree of wage growth after migration. In order to determine the impact of selection bias, the study will use the two methods, OLS and PSM, to estimate the migration effect simultaneously.

The estimation result of the OLS for the migration effect of the overall floating population {#sec009}
--------------------------------------------------------------------------------------------

The estimation of the migration effect of the floating population using the OLS method is based on the following regression equation: $$\begin{array}{r}
{\text{ln}\left( \text{wage} \right) = \beta_{0} + \beta_{1}M + \beta_{2}X + u.} \\
\end{array}$$ In the equation above, ln(wage) is the log of the average monthly wage for every sample; *β*~0~ is the constant term; M is a binary dummy variable (M = 1 if an individual flows and M = 0 otherwise), and the coefficient *β*~1~ reports the increased percentage of monthly wage of the floating population compared to the non-floating population, which is the migration effect; X is a vector of control variables that will directly affect wage and also affect the migration decision to some extent; *β*~2~ represents the coefficient vector on X; and u is the residuals. In the paper, the vector of control variables, X, includes gender, household registration type, marital status, junior high school or not, original regions (The original regions of the samples are divided into eastern, western, central and three northeastern provinces of China. The three northeastern provinces was a net outflow region over the past 10 years, so it will be discussed separately as a group.), and whether or not the education funding from the government is more than 40000RMB/student/year (the 2015 median education funding across all provinces) in the original place. The result of the migration effect in monthly wages estimated by the OLS method is shown in [Table 2](#pone.0202030.t002){ref-type="table"}. It can be seen that migration could increase wages by 17.21% with a 1% significance level.

10.1371/journal.pone.0202030.t002

###### The migration effect on the monthly wage-OLS.

![](pone.0202030.t002){#pone.0202030.t002g}

  Variable                                         Coefficient                                          Statistics      Value
  ------------------------------------------------ ---------------------------------------------------- --------------- --------
  *M*                                              0.1721\*\*\*[^1^](#t002fn001){ref-type="table-fn"}   *R*-*squared*   0.0982
  *Adj R-squared*                                  0.098                                                                
  *F*-*value*                                      473.68                                                               
  *Other* [^2^](#t002fn002){ref-type="table-fn"}   Skip over                                            *P*-*value*     0
  *Number of obs*                                  180700                                                               

^1^ \*\*\* means significant at 1% level.

^2^ Other variables include gender, household registration type, marital status, junior high school or not, original regions, and whether or not the education funding from the government is more than 40000RMB/student/year in the original place.

The estimation result of the PSM for the migration effect of the overall floating population {#sec010}
--------------------------------------------------------------------------------------------

As mentioned above, the migration effect which is estimated by the OLS is not entirely accurate as a result of the selection bias, so we will use the PSM which addresses the selection bias to estimate the net effect of migration from the perspective of wage. Additionally, the one-to-one nearest neighbor matching (with replacement), which is the simplest matching method in the PSM, will be used to estimate the effect.

### The probability of migration (the propensity score) {#sec011}

We estimated the probability of migration using the binary logit model. The regression equation is as follows: $$\begin{array}{r}
{M = \beta_{0} + \beta_{1}X + u.} \\
\end{array}$$ In the equation notation above, M, *β*~0~, X and u denote the same variables as for the OLS. In theory, the vector of control variables, X, should include the variables that meet the following requirements: they affect whether the population decides to migrate; they are pretreatment variables that will not be affected by the decision of migration or non-migration; and they are time-invariant individual characteristic variables. In the equation above, X includes the same control variables as in the OLS model. *β*~1~ represents the coefficient vector on X.

We put the Migrants Population Dynamic Monitoring Survey Data mentioned above into the logit model. The results showed that females are slightly less likely to migrate than males; people from the countryside are much more likely than those from the cities; singles are slightly higher than married people. With the central region as a benchmark, the migration probability for the eastern region is much lower, while it is much higher in the western region and slightly higher in the three northeastern provinces. People who finished junior high school are slightly more likely to migrate than those who didn't, and migration from regions with more than 40000RMB/student/year in education funding is much lower than from other regions. From the above analysis, we see that the countryside population is significantly willing to migrate, and that increased government funding for education will contribute to the long-term survival of the population.

### Estimate the ATT {#sec012}

After getting the propensity scores, the Average Treatment effects on the Treated (ATT) which is the migration effect could be estimated by $$\begin{array}{r}
{\hat{\text{ATT}} = \frac{1}{N_{1}}\sum{}_{i:M_{i} = 1}\left( ln\left( wage \right)_{i} - \hat{ln\left( wage \right)_{0i}} \right).} \\
\end{array}$$ This equation only denotes the treatment group. N~1~ = ∑~i~M~i~ is the number of the migrants in the common support range, and $\sum{}_{i:M_{i} = 1}\left( \text{ln}\left( \text{wage} \right)_{i} - \hat{\text{ln}\left( \text{wage} \right)_{0i}} \right)$ is the sum of the differences of the log of each person's monthly wage in their new city and the wage they would have made if they had continued working in the original place. The $\hat{\text{ln}\left( \text{wage} \right)_{0i}}$ value from the counterfactual situation could be calculated from a non-migrant with the same propensity score as the migrant. Similarly, the Average Treatment effects on the Untreated (ATU) can be estimated by $$\begin{array}{r}
{\hat{\text{ATU}} = \frac{1}{N_{0}}\sum{}_{j:M_{j} = 0}\left( \hat{ln\left( wage \right)_{1j}} - {ln\left( wage \right)_{j}} \right).} \\
\end{array}$$ This equation only denotes the untreated group. N~0~ = ∑~j~(1 − M~j~) is the number of the non-migrants in the common support range, and $\sum{}_{j:M_{j} = 0}\left( \hat{\text{ln}\left( \text{wage} \right)_{1j}} - {\text{ln}\left( \text{wage} \right)_{j}} \right)$ is the sum of the differences of the log of each person's monthly wage if they had moved to a new city and their actual wage. We could get the value of the $\hat{\text{ln}\left( \text{wage} \right)_{1j}}$ in the same way as the $\hat{\text{ln}\left( \text{wage} \right)_{0i}}$. Similarly, the Average Treatment Effects (ATE) on the whole sample can be estimated by $$\begin{array}{r}
{\hat{\text{ATE}} = \frac{1}{N}\sum{}_{i = 1}^{N}\left( \hat{ln\left( wage \right)_{1i}} - \hat{ln\left( wage \right)_{0i}} \right).} \\
\end{array}$$ In the equation above, N = N~0~ + N~1~ is the number of the total samples in the common support range; if M~*i*~ = 1, then $\hat{\text{ln}\left( \text{wage} \right)_{1i}} = \text{ln}\left( \text{wage} \right)_{i}$; similarly, if M~*i*~ = 0, then $\hat{\text{ln}\left( \text{wage} \right)_{0i}} = \text{ln}\left( \text{wage} \right)_{i}$. Thus, $\sum{}_{i = 1}^{N}\left( \hat{\text{ln}\left( \text{wage} \right)_{1i}} - \hat{\text{ln}\left( \text{wage} \right)_{0i}} \right)$ is the sum of the differences between the fact and the counterfactual situations for the two groups.

The 39,165 samples, including 30,365 floating population samples that were extracted randomly and meet the balanced distribution of the original place and 8,800 non-floating population samples from the 2015 NHFPCC dataset, were put into Stata using one-to-one nearest neighbor matching (with replacement) of the PSM. The results are shown in Tables [3](#pone.0202030.t003){ref-type="table"} and [4](#pone.0202030.t004){ref-type="table"}.

10.1371/journal.pone.0202030.t003

###### The results of one-to-one nearest neighbor matching (with replacement).

![](pone.0202030.t003){#pone.0202030.t003g}

  Independent variable   Sample      Treated   Untreated   Difference   S.E.     t-stat
  ---------------------- ----------- --------- ----------- ------------ -------- --------
  *ln*(*wage*)           Unmatched   8.1489    8.1922      -0.0433      0.0066   -6.58
  ATT                    8.1489      7.9891    0.1598      0.0571       2.8      
  ATU                    8.1922      8.3768    0.1846                            
  ATE                                          0.1654                            

10.1371/journal.pone.0202030.t004

###### Common support range of one-to-one nearest neighbor matching (with replacement).
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  Treatment assignment   Off support   On support   Total
  ---------------------- ------------- ------------ -------
  *Untreated*            0             8761         8761
  *Treated*              0             30404        30404
  *Total*                0             39165        39165

The fifth and seventh columns of [Table 3](#pone.0202030.t003){ref-type="table"} present the results of matching estimation and t-statistics of the migration effect in wage change using the same model as OLS. The value of ATT is about 15.98%, which is the migration effect. Meanwhile, the T-value of 2.8 is bigger than the boundary value of 1.96, so the result is significant. In other words, the floating and non-floating populations with the same propensity scores have a significant difference in the monthly wage of about 15.98%, which means that migration could increase monthly wages by nearly 16%. From [Table 4](#pone.0202030.t004){ref-type="table"}, we note that all 39,165 samples of the treatment and untreated groups are within the common support range.

### Balancing test {#sec013}

In the process of estimating the ATT using the PSM, some assumptions must hold. The fundamental assumption, first studied by Rosenbaum, et al.(1983) \[[@pone.0202030.ref039]\], is called the Ignorable Treatment Assignment (ITA). In the context of the migration effect, it means that (ln(wage)~0*i*~, ln(wage)~1*i*~) and M~*i*~ are independent when the control variables X are given, $$\begin{array}{r}
\left. \left( \text{ln}\left( \text{wage} \right)_{0i},\text{ln}\left( \text{wage} \right)_{1i} \right)\bot M \middle| X. \right. \\
\end{array}$$ If the ITA assumption is satisfied, then $$\begin{array}{r}
{\left( \text{ln}\left( \text{wage} \right)_{0i},\text{ln}\left( \text{wage} \right)_{1i} \right)\bot M\left| X\Rightarrow\left( \text{ln}\left( \text{wage} \right)_{0i},\text{ln}\left( \text{wage} \right)_{1i} \right)\bot M \right|P\left( X \right).} \\
\end{array}$$ Most importantly, (ln(wage)~0i~, ln(wage)~1i~) ⊥ M\|P(X) is implied by the condition that M ⊥ X\|P(X). In general, it is difficult to directly test the ITA assumption, (ln(wage)~0i~, ln(wage)~1i~) ⊥ M\|X, so we instead check if the variables are balanced: that is, whether or not M ⊥ X\|P(X).

In this research, we need to test whether or not the decision of migration or non-migration is made randomly for individuals who have the same propensity scores. In other words, we have to check whether or not the floating and non-floating populations with the same propensity score have the same individual characteristics X. For the estimation above, the results of this balancing test are shown in Tables [5](#pone.0202030.t005){ref-type="table"} and [6](#pone.0202030.t006){ref-type="table"}.

10.1371/journal.pone.0202030.t005

###### The results of the balancing test-1.
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  Variable                                                     Unmatched Matched   Mean     %bias    %reduce \|bias\|   t-test             
  ------------------------------------------------------------ ------------------- -------- -------- ------------------ -------- --------- ------
  *Gender*                                                     U                   0.5869   0.5443   8.60                        7.11      0.00
  M                                                            0.5869              0.5887   -0.40    95.70              -0.45    0.65      
  *Household registration type*: *countryside or city*         U                   0.1769   0.9550   -253.40                     -183.23   0.00
  M                                                            0.1769              0.1769   0.00     100.00             0.00     1.00      
  *Marital status*                                             U                   0.7781   0.7633   3.50                        2.93      0.00
  M                                                            0.7718              0.7802   -0.50    86.30              -0.61    0.54      
  ***Eastern of China***                                       U                   0.2361   0.6141   -82.80                      -70.96    0.00
  M                                                            0.2361              0.2361   0.00     100.00             0.00     1.00      
  ***Western of China***                                       U                   0.3977   0.1186   67.30                       50.30     0.00
  M                                                            0.3977              0.3977   0.00     100.00             0.00     1.00      
  ***Three northeastern provinces of China***                  U                   0.0995   0.1146   -4.90                       -4.09     0.00
  M                                                            0.0995              0.0992   0.10     97.60              0.15     0.88      
  *Junior high school or not*                                  U                   0.8805   0.8820   -0.50                       -0.38     0.70
  M                                                            0.8805              0.8829   -0.70    -60.00             -0.92    0.36      
  *Education funding* [^1^](#t005fn002){ref-type="table-fn"}   U                   0.0047   0.2001   -68.10                      -81.18    0.00
  M                                                            0.0047              0.0047   0.00     100.00             0.00     1.00      

Note: The bolder and italic ones mean that the central region is the benchmark in the variables of the original regions.

^1^ The education funding means whether or not financial support from the government is more than 40000RMB/year/student in the original place.

10.1371/journal.pone.0202030.t006

###### The results of the balancing test-2.
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  Unmatched Matched   Ps R^2^   LR *χ*^2^   p\> *χ*^2^   MeanBias   MedBias   B       R      %Var
  ------------------- --------- ----------- ------------ ---------- --------- ------- ------ ------
  *U*                 0.523     2177.7      0.0          61.1       37.9      257.5   1.55   88
  *M*                 0.0       1.43        0.994        0.2        0.1       1.0     1.03   0.0

[Table 5](#pone.0202030.t005){ref-type="table"} shows the results of balancing test for the matched and unmatched simultaneously. For matched samples, the balancing test calculates the mean of every variable for the floating population sample and its closest non-floating match, and then finds the mean bias between treatment and untreated groups. For unmatched samples, the balancing test simply calculates the mean of each variable and the mean bias for the floating and non-floating populations without any matching. Finally, we calculate the percentages of bias reduction. The full results of the test can be seen in [Table 5](#pone.0202030.t005){ref-type="table"}, but we note the following. First, each variable showed a large difference in means before matching, but no variables showed a significant difference after matching. Second, the mean bias of each variable fell more than 85% after matching. Additionally, the t-tests and p-values show that the control variables are well balanced after matching. The p-value of each independent variable in [Table 5](#pone.0202030.t005){ref-type="table"} is very large after matching, so we cannot reject the null hypothesis that the variables are identically distributed. In summary, while the distributions of each independent variable differ before matching, there is no significant difference in the distributions after matching between floating population and non-floating population.

As shown in [Table 6](#pone.0202030.t006){ref-type="table"}, before matching, the value of Pseudo R^2^ was big, and the P-value was small, but after matching, the value of Pseudo R^2^ became small and the P-value became big. So for the overall variables, the distribution differs before matching, but there is no significant difference in the distribution after matching. Therefore, it is very necessary to use PSM to estimate the migration effect.

All test results showed that the control variables have good matching and are therefore well balanced after matching.

### Estimate the ATTs using various matching methods and some sensible parameter values in the PSM {#sec014}

In the PSM estimation process, there are various common matching methods, such as k-nearest neighbor matching(k = 1,2,3...), caliper matching(k-nearest neighbor matching of different caliper widths), caliper and radius matching, kernel matching, local linear regression matching, Mahalanobis metric matching, etc. Each method has advantages and disadvantages, and there is no definite conclusion on which matching method and parameter values (k, caliper widths, matching methods with or without replacement, etc.) should be chosen for a specific problem. Thus, this paper uses several sets of matching methods and parameter values to estimate the migration effect and compares the results. The ATTs which are estimated using different matching methods and parameter values are shown in [Table 7](#pone.0202030.t007){ref-type="table"}.

10.1371/journal.pone.0202030.t007

###### The migration effect on the average monthly wage for the different matching methods and parameter values.
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  Matching methods                                                                Sample   Parameters           ATT                t-value   
  ------------------------------------------------------------------------------- -------- -------------------- ------------------ --------- ------
  *k-nearest neighbor matching*                                                   8761     30404                k = 1              0.1598    2.80
  8761                                                                            30404    k = 2                0.1741             2.81      
  8761                                                                            30404    k = 4                0.1538             2.63      
  8761                                                                            30404    k = 7                0.1673             3.35      
  8761                                                                            30404    k = 12               0.1713             3.53      
  *Caliper matching*: *k-nearest neighbor matching of different caliper widths*   8761     30404                & = 0.001,k = 1    0.1599    2.80
  8761                                                                            30404    & = 0.005,k = 1      0.1599             2.80      
  8761                                                                            30404    & = 0.1,k = 1        0.1598             2.80      
  8761                                                                            30404    & = 0.001,k = 2      0.1740             2.81      
  8761                                                                            30404    & = 0.005,k = 2      0.1742             2.81      
  8761                                                                            30404    & = 0.1,k = 2        0.1741             2.81      
  8761                                                                            30404    & = 0.001,k = 7      0.1669             3.34      
  8761                                                                            30404    & = 0.005,k = 7      0.1676             3.36      
  8761                                                                            30404    & = 0.1,k = 7        0.1673             3.35      
  8761                                                                            30404    & = 0.001,k = 12     0.1733             3.60      
  8761                                                                            30404    & = 0.005,k = 12     0.1714             3.53      
  8761                                                                            30404    & = 0.1,k = 12       0.1712             3.53      
  *Caliper and radius matching*                                                   8760     30397                & = 0.001          0.1880    4.12
  8760                                                                            30397    & = 0.005            0.1956             4.63      
  8761                                                                            30397    & = 0.01             0.1935             6.25      
  8761                                                                            30404    & = 0.1              0.1934             3.84      
  *Kernel matching*                                                               8761     30404                k(epan).bw(0.06)   0.1932    3.95
  8761                                                                            30404    k(epan).bw(0.03)     0.1674             5.01      
  8761                                                                            30404    k(epan).bw(0.01)     0.1998             6.12      
  8761                                                                            30404    k(normal).bw(0.06)   0.1934             3.99      
  8761                                                                            30404    k(normal).bw(0.03)   0.1518             4.12      
  8761                                                                            30404    k(normal).bw(0.01)   0.1678             6.07      
  *Local linear regression matching*                                              8761     30404                k(epan).bw(0.06)   0.2333    4.09
  8761                                                                            30404    k(epan).bw(0.03)     0.2363             4.14      
  8761                                                                            30404    k(epan).bw(0.01)     0.1924             3.37      
  8761                                                                            30404    k(normal).bw(0.06)   0.2222             6.65      
  8761                                                                            30404    k(normal).bw(0.03)   0.2359             6.81      
  8761                                                                            30404    k(normal).bw(0.01)   0.2213             5.98      
  *Mahalanobis metric matching*                                                   8761     30404                m = k = 1          0.1800    1.97
  8761                                                                            30404    m = k = 2            0.1569             1.99      
  8761                                                                            30404    m = k = 5            0.1526             2.41      
  8761                                                                            30404    m = k = 7            0.1524             2.81      

From [Table 7](#pone.0202030.t007){ref-type="table"}, we see that the ATT values are roughly the same for each set of matching method and parameter values, so the empirical results are sufficiently robust. In particular, the t-values of ATTs are all bigger than the boundary value of 1.96, so we should reject the null hypothesis that there is no wage difference between the floating and non-floating populations. From [Table 7](#pone.0202030.t007){ref-type="table"}, we see the wages of the floating population in China tend to be 15.18% to 23.63% higher overall than those of their non-floating counterparts. This implies that the migration can increase wages by 15.18% to 23.63%, while the OLS estimated a migration effect of only 17%. Thus, there is a difference of estimation between the two methods. This also provides some evidence of a selection bias of migration, although it is not very serious for the overall national samples.

Which kind of migration is the most effective? {#sec015}
----------------------------------------------

### The migration effects of the four different flowing scales: Overall sample {#sec016}

The migration effect may depend on the scale of migration. In order to facilitate the discussion, the floating population dataset of the 2015 NHFPCC was divided into four migration patterns depending on the scale: flowing into the three largest megacities, inter-provincial migration, inter-city migration within a province, and inter-district migration within a city. For each migration pattern, we randomly extracted samples of the floating population at 3.5 times the number of non-floating population samples, and checked that the extracted samples still meet the balanced distribution of the original place. (The sample numbers corresponding to inter-provincial migration, inter-city migration within a province and inter-district migration within a city are less than 3.5 times the number of the non-floating population, so all of the samples of the three patterns are used.) Both OLS and PSM were used to estimate the migration effects of the four flowing patterns. The results are shown in [Table 8](#pone.0202030.t008){ref-type="table"}.

10.1371/journal.pone.0202030.t008

###### The migration effect of the four patterns floating population-OLS and PSM.
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  Pattern                                        PSM             OLS                              
  ---------------------------------------------- --------------- ------- ------ ------- --------- -------
  *flowing into the three largest megacities*    0.4496-0.592    14.96   8761   30404   0.4956    58.17
  *inter-provincial migration*                   0.2306-0.2618   4.42    8761   20599   0.1614    13.91
  ***inter-city migration within a province***   0.1089-0.1508   2.43    8761   21686   0.0584    6.27
  ***inter-district migration within a city***   0.0594-0.0879   1.36    8761   18008   -0.0099   -0.95

Note: The bolder and italic ones mean that the regressions of inter-city migration within a province and inter-district migration within a city don't include the variable "education funding from the government of original place for every student", because each province is taken as the unit to collect education funding data.

^1^ The ATTs' intervals of the PSM are estimated using one-to-one, one-to-two, one-to-four, one-to-seven, and one-to-eleven nearest neighbor matching (with replacement).

^2^ The t-value of the PSM is the median of the t-values for the different matching parameters of nearest neighbor matching.

The migration effects of the four different flowing scales were estimated using OLS and PSM (using various matching parameters for nearest neighbor matching). The estimation results of the PSM show that migration could increase wages by 44.96% to 59.20%, 23.06% to 26.18%, 10.89% to 15.08%, and 5.94% to 8.79% respectively for the four migration patterns. We also find that the migration effects are robust for the first three patterns because of the small interval range of ATTs and the sufficiently large t-values for all choices of matching parameters. For the pattern of inter-district migration within a city, although the interval range of ATT is small enough, the t-value of the ATT is less than the boundary value of 1.96, so inter-district migration within a city has no significant impact on wage. From the t-values in the seventh column of [Table 8](#pone.0202030.t008){ref-type="table"}, we similarly see that the migration effects which are estimated by OLS are significant except in the case of inter-district migration within a city. By comparing the results of PSM and OLS in [Table 8](#pone.0202030.t008){ref-type="table"}, the migration effects estimated by OLS were less than those of PSM for each flowing scale as a whole. Meanwhile, both the results of OLS and PSM indicate the following relationship: the migration effect of flowing into the three largest megacities \> the effect of inter-provincial migration \> the effect of inter-city migration within a province.

### The migration effects of the four different flowing scales: Three China's northeastern provinces {#sec017}

The economic downturn of the three northeastern provinces made the outflow of the population very significant in the past few years. The Report of China's Floating Population made by the NHFPCC in 2015 shows that the population of the three northeastern provinces had a net outflow of about 180,000 in the past 10 years, and according to the sixth census in 2010 and the fifth census in 2000 most of those who have left were young people. According to the statistics, the outflow of the northeastern population was mainly towards the Pan-pearl River Delta, Yangtze River Delta and Beijing-Tianjin-Hebei Metropolis Circle, which are the three fastest economic growth regions. Therefore, it is important to estimate the wage difference before and after the migration for the population of China's three northeastern provinces to find some deep reasons for the phenomenon of net outflow.

We extracted the samples of floating and non-floating populations of the three northeastern provinces from the 2015 NHFPCC dataset according to the three original provinces: Liaoning, Jilin, and Heilongjiang. Finally, the total number of samples that were extracted was about 13,473, including a floating population of 12,469 (including the flowing into the three largest megacities, inter-provincial migration, inter-city migration within a province, and inter-district migration within a city; the numbers of the four patterns were 882, 4605, 5047, and 1935 respectively.) and a non-floating population of 1,004. As above, both OLS and PSM were used to estimate the migration effects of the four flowing scales for the population of the three northeastern provinces, but because the values of the variable "education funding from the government of original place for every student" are not very different in the three northeastern provinces, and the values were all less than 40,000RMB, this variable will not be included in the model. Meanwhile, the three northeastern provinces had the same variable original place, so the variable original place will also not be included in the model. The estimated results are in [Table 9](#pone.0202030.t009){ref-type="table"}.

10.1371/journal.pone.0202030.t009

###### The migration effect of the four patterns in the three northeastern provinces of China-OLS and PSM.
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  Pattern                                       PSM             OLS                            
  --------------------------------------------- --------------- ------- ------ ------ -------- -------
  *flowing into the three largest megacities*   0.6541-0.6839   15.96   1003   882    0.7310   25.61
  *inter-provincial migration*                  0.2535-0.2905   4.39    1004   4536   0.2221   11.29
  *inter-city migration within a province*      0.0512-0.0691   2.05    1004   4975   0.0626   3.34
  *inter-district migration within a city*      0.0272-0.0407   1.71    1004   1935   0.0331   1.33

^1^ The ATTs' intervals of the PSM are estimated using one-to-one, one-to-two, one-to-four, one-to-seven, and one-to-eleven nearest neighbor matching (with replacement).

^2^ The t-value of the PSM is the median of the t-values for the different matching parameters of nearest neighbor matching.

From [Table 9](#pone.0202030.t009){ref-type="table"}, we see that the t-values are larger than the boundary value of 1.96 except for inter-district migration within a city, so the migration effects of the first three patterns estimated by the PSM and OLS are significant. The estimated results of the PSM show that the first three migration patterns could increase wages by 65.41% to 68.39%, 25.35% to 29.05%, and 5.12% to 6.91% respectively. Most importantly, the ATT interval is not very big for any pattern regardless of the parameter values, so the estimated results are sufficiently robust. By comparing the results of PSM and OLS in [Table 9](#pone.0202030.t009){ref-type="table"}, we see that the results of PSM are significantly less than those of OLS for each pattern, so the selection bias is very serious, so it is necessary to use PSM to estimate the migration effect. At the same time, the results of OLS and PSM also indicated the same relationship: the effect of flowing into the three largest megacities \> the effect of inter-provincial migration \> the effect of inter-city migration within a province.

In summary, in order to get the migration effects for different flowing scales, the 2015 NHFPCC dataset were divided into four patterns according to the different flowing scales, and then used with PSM to estimate the wage difference before and after migration. Meanwhile, the floating and non-floating population samples of China's three northeastern provinces were extracted from the whole dataset, and used to estimate the migration effect of three northeastern provinces. For the overall samples, the results show that the migration could increase wages by 44.96% to 59.20%, 23.06% to 26.18%, and 10.89% to 15.08% respectively for the first three patterns, so the people who flowed into the three largest megacities could earn more about 35% and 45% respectively compared to those in the other two patterns. For China's three northeastern provinces, the first three patterns could increase wages by 65.41% to 68.39%, 25.35% to 29.05%, and 5.12% to 6.91%, meanwhile the people who flowed into the three largest megacities earned more nearly 40% and 63% respectively compared to those in the other two patterns.

### Discussion {#sec018}

Recently, some scholars of China have proposed views about local employment and local urbanization near the floating population's place of origin. Meanwhile, some local governments (except for the three largest megacities) actively create policies designed to attract talent and encourage the floating population to settle down. Combining the empirical analysis of the migration effects of the different floating scales above, the views of local employment and local urbanization near one's place of origin seem difficult to implement in reality, and the effects of the relevant policies seem similarly to be relatively poor. The local employment and local urbanization policies are only applicable to a few economic developed areas where natives are difficult to get a higher wage by flowing to other cities. It would therefore appear that the local employment and local urbanization nearby the original places cannot be widely applied in China.

On the basis of the empirical analysis, we can make a couple of inferences. Since the migration effect of flowing into the three largest megacities is very significant, the number of the floating population in the three largest megacities will likely increase. In light of this, in order to solve the increasingly serious largest megacity disease affecting e.g. Beijing, it is imperative to transfer Beijing's non-capital functions to nearby places and remove the floating population as soon afterwards as possible. This is a complex problem, and any solution needs to take into account the interests of the various parties involved.

For the three largest megacities, the removal of the floating population would require a series of steps. First of all, the universities, public institutions, state-owned enterprises would need to be transferred into other cities; Second, the industries in which the floating population has been gathering should be similarly moved, including the wholesale clothing market, the small commodity market, the building material market, and so on. Cities accepting the non-orientation functions of the three largest megacities should adapt themselves to their new functions and therefore improve the migration effects of the inter-provincial migration and inter-city migration within a province for the floating population. Additionally, the cities that accept these functions should construct the necessary industries, establish the relevant policies, and create a fair competitive environment to support the new functions. They will also need to increase job opportunities, and improve regional economic vitality, improve the sense of identity of the floating population who flow along with the new functions in order to attract more floating populations. Moreover, the floating population in the largest megacities will need to catch the trend to develop business in the new cities which will have good policies, environments and lower costs of living and business. It may produce a high utility in terms of net income and happiness level.

Conclusion {#sec019}
==========

The study estimates the migration effect of China's floating population mainly using the PSM method based on the 2015 NHFPCC Migrants Population Dynamic Monitoring Survey Data.

In a certain sense, the PSM method can be regarded as a kind of re-sampling, which tries to make the data of the treatment group as close as possible to that of the untreated group using re-sampling matching. It is therefore a very popular method of empirical analysis, especially in the medical studies \[[@pone.0202030.ref045]--[@pone.0202030.ref048]\]. However, the PSM method also has its limitations. First, the PSM method requires a relatively large sample size to achieve a high-quality matching; Second, the propensity scores of the treatment group and the untreated group require a large common support range; Third, the PSM method only estimates the propensity scores of the measurable variables, so there will still be some hidden biases in the presence of non-measurable variables; and so on.

By estimating the migration effect of China's floating population by using the 2015 NHFPCC survey data, we get two main conclusions:

First, there is a significant and positive effect on the average wage growth for the overall floating population of China, especially those who flowed into the three largest megacities. This is the main reason why the floating population would like to flow into the three largest megacities. There are additionally more job opportunities and richer work types in the three largest megacities, so the floating population will find it easier to obtain a suitable job.

Second, the migration effects for the floating population of the three northeastern provinces are significantly higher than the national average in these two patterns of flowing into the three largest megacities and inter-provincial migration, but there is almost no change in wage for the inter-city migration within a province. This indicates that the wage level of China's three northeastern provinces is relatively low, so there will be a large increase in wage after migration; and the main reason why there is no significant effect on the inter-city migration within a province may simply be that the wage level in the three northeastern provinces is generally quite low. In general, the low wage level indicates the reality that the economic development of the three northeastern provinces has seriously lagged, job opportunities are relatively scarce, and labor is relatively abundant. Indeed, this has been the overall situation of the three northeastern provinces in recent years.

There are many directions for future research. First, given the large nominal wage gap among regions, the first instinct of the people is to flow in order to get higher salaries, but this usually does not take into account the higher cost of living, which could be used to estimate the net income change after migration. Second, as a result of China's household registration policy, migration will increase healthcare costs for the floating population and education costs for their children in new cities, because welfare for public healthcare and education can now in China only be gotten in one's city of household registration. Thus, changes in the healthcare and education costs also are good directions to study the migration effect, and need be appropriately considered in the study of net income change before and after migration. Third, the migration effects on non-wage benefits such as cultural amenities, the cost of finding a job and environmental quality are also good research areas. Fourth, studying which kind of migration makes it easiest to settle down in one's destination is also a good direction. Fifth, one could try to estimate the effect of the Belt and Road using the PSM method.
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